Abstract
Introduction
Fatigue driving has been found the leading cause of the traffic accidents in the world for years. Fatigue driver detection has been determined by several papers [1] - [4] , where the main part used the Electroencephalography (EEG) approach [1] - [3] and the others used the image processing approach [4] .
EEG is a method to measure the brainwave by monitoring the brainwave electricity movements. This measurement could be used to identify the fatigue driver by monitoring and processing the brainwave electricity movements. EEG is not the only method to predict the fatigue driver. A research had used the video to classify the fatigue driver state.
The face of the driver will be filmed by a camera with 15 fps video sequences and it will be transformed into YCbSr and HSV spaces from RGB space. The face expressions will be separated, and the eye-blink intervals will be thresholded using K-means clustering. The research gives accuracy results with an average accuracy of 93,18% and the detection rate of 92,71% from 35000 image frames [5] .
[6] has used EEG to determine the fatigue driver state using the comparisons between the left prefrontal attention and meditation from EEG with 18 participants (12 males and six females) in noninvasive real-time. The research used the correlation between meditation and attention among concentration state, relaxation state, fatigue state, and sleep state to determine the fatigue driver state. The sensitivity and specificity accuracy results of the research are 63,81% (fatigue drivers) and 90,43% (regular drivers) .
Another research has used EEG to determine fatigue driver state in semi-real-time, the significant channels, and the best features to represent the data using the participant not outliers for the database, and to compare the accuracy results of the statistical analysis with the preprocessing methods (ICA and PCA) [7] . The results showed that using the statistical analysis gives better results than using the preprocessing methods. The research from the statistical analysis method has given accurate results using the KNN classification method with maximum average accuracy 96%, minimum accuracy 90%, maximum accuracy 100%, true positive 45%, true negative 51%, false positive 2%, and false negative 2%; while using the SVM classification method give accuracy results with maximum average accuracy 81%, minimum accuracy 60%, maximum accuracy 90%, true positive 43%, true negative 38%, false positive 4%, and false negative 4%.
In this paper, the researchers modify and develop which has been done [7] from semi-real-time to real-time prediction, increasing the processing time and the accuracy results of the prediction with the training data from the selected participants (participant 2, 4, 10, 11, 16, 17, 18, 21, 22, 23, 24, 26, 27, 28, and 30) using FFT with band wave: theta, alpha, beta, and gamma (TABG).
This paper also analyzes the dynamics prediction results, comparing the significant channels with the outcome of the previous research and the significant channels taken from the dynamics prediction results, determining the best-selected waves to predict the fatigue driver state. This paper could also be implemented in different fields, such as [8] - [12] .
II. Materials and Methods
This chapter describes the materials, the methods, and the comparisons between the previous researches and the methods used in this paper.
II.1. Literature Reviews
The EEG data from the previous research were extracted from the driving simulation done by 30 participants using Emotiv EPOC+ and Logitech G27 game simulator to support the simulation process.
The label data from the driver were taken by raising their finger based on the Karolinska Sleepiness Scale (KSS) [13] modified questionnaire (modified means that the range changed from 1-9 into 1-5) [7] as shown in the Fig. 1 . The driving simulation duration for each participant is 33 or 60 minutes, for women and men respectively.
The environments of the driving simulation are shown in the Fig. 2 . The rules of the driving simulation from the previous research are as follows: a. Maximum gear allowed to be used is second. b. Maximum speed is 89 km/h. c. The allowed transmissions are manual or semimanual. d. Both hands should be on the steering wheel. e. Each participant will be taken their questionnaire record for every 3 minutes. f. The test durations are 60 minutes for men and 33 minutes for women in total. The participants should be calm in the driving process, i.e. minimize the body movements, do not vibrate the body, and do not talk during the driving simulation.
The Average method is used to know the domination position values of the data. It could be used to normalize the EEG data that jump unnaturally. The Standard Deviation method is used to know the spreading of the data. It will use the distance between each data with the average data value and square the distance result for each data. The equation of the Standard Deviation method is shown in the Eq. The Canberra Distance method is used to determine the distance between two data, where the range will be more visible with the input data values < 1. The equation of the Canberra Distance method is shown in the Eq. (5):
The Cross-validation method is used to predict the estimation accuracy of the methods [14] and to separate the training data and the testing data. In the previous research, both the training data and the testing data that will be classified, were extracted from the database, so a separator will be needed for the training data and the testing data which is the main purpose of the use of the cross-validation method.
The K-Nearest Neighbor classification method (KNN) is used to categorize the input data with the training data using Canberra Distance method. The KNN method will measure the relations between the input data with the training data using the distance from the input data and the training data. As a result, the K-nearest training data from the input data will be taken their labels to determine the majorities class of the input data.
The measurement of the fatigue driver uses 14 channels of Emotiv EPOC+ as shown in the Fig. 3 .
II.2. Comparisons With The Previous Research
The previous research used Python, Matlab, HTML, and CSS to communicate among each programming language. The features in the research are classification and prediction. The previous research steps using semireal-time classification were as follows: a. Feature extraction, where the EEG data trialed features from each participant (for each trial, there were 14 channels, where each channel was composed by the FFT process and four band waves extraction). b. The features of each wave were taken (the average and the standard deviation values). c. Semi-real-time prediction, where both the training data and the testing data were extracted from the database that will be determined using the Cross Validation method. d. The classification methods to determine the prediction result used SVM and KNN classification methods. In this research, the purpose of the classification methods was to determine which classification method was better for classifying the fatigue driver state. e. The SVM classification method used in the previous research was Linear SVM. f. The measurement method used in the KNN classification process from the previous research was Canberra Distance.
The architectural design of the previous research is shown in the Fig. 4 . In the proposed methods, the programming language to be used is Python, and the EEG data input is extracted from the EEG participant data doing the driving simulation to make a real fatigue driver prediction. The procedure steps used in the proposed methods are as follows: a. Feature extraction, where the EEG database features from the previous research will be extracted and labeled as training data. b. Real-time prediction, where the participants do the driving simulation for every 30 seconds and have their EEG data recorded using Emotiv EPOC+, then the recorded EEG data will be extracted per 128x30 or 30 seconds data and with their features (average and standard deviation) extracted, and then the EEG data inputted will be categorized from the training data using KNN classification methods. 
II.3. Methods
The propose methods as described in the section II.2 will do the feature extraction and real-time prediction.
The feature extraction process is shown in the Fig. 6 . The processes of classification and prediction are shown in the Fig. 7 . The first assessment processes use the average accuracy results in each part of the EEG trial data from 30 participants to know the accuracy changes of each wave in all channels (from 30 to 180 seconds) per trial and to determine the significant channels and waves. From the first assessment results, the significant channels are determined using the average values of each channel which have been sequenced in the descending order. As a result, the significant channels in the brain location are discovered. Hence, the future works could be simplified to those channels regarding the driver fatigue detection. The second assessment processes use the accuracy results from all participants with the significant channels based on the analysis results of the proposed methods to know the accuracy changes and the prediction results of all participants.
With the results of the second assessment, the proposed methods are compared with the previous research to verify the appropriateness of the used methods. The first assessment will confirm its feasibility to be employed in the real drivers.
The third assessment processes use the accuracy results from all participants with the significant channels and waves from the analysis results of the proposed methods and they compare the previous research and the accuracy results of the proposed methods.
Their results are used to determine the significant waves, and to compare the significant waves of the previous research with such assessment results.
Finally, the fourth assessment processes use the accuracy results from the selected participants of the previous research on the significant channels and waves from the recent works comparing the accuracy results with the previous research using all the participants.
The idea of the fourth assessment results is the same of the third assessment, but it uses only the selected participants as described in the introduction.
The purposes is to measure the actual accuracy results of the proposed method comparing it to the previous research accuracy results and to prove that the features that have been used in the proposed methods give the best results. 
III. Results
The Emotiv Channels will be named as channel 1 to 14 for comodity. The order of the channels is shown in Table I . The first assessment results from the prediction of 30 participants are shown in Figs. 8, Figs. 9, Fig. 10 , Table II, and Table III The results of the highest wave from 30 participants will be determined in the Fig. 10 . Table II shows the accuracy changes in each wave and channel from 30 participants with C as Channel and W as Wave that will be used to predict the participant recorded EEG data from driving simulation. Part 1 to 6 are from the average of trials, where each trial consists of 6 parts, and at this table, the average of all trials in each participant will be taken. In Table III , the waves in each channel from the Table II will be calculated their average, and sorted in the descending order to determine the significant channels based on the accuracy changes using each wave in all channels and all participants. Table III shows the significant channels based on the accuracy changes that have been analyzed from each wave in all participants.
The seven highest significant channels marked by gray colors on Table III are as follows: channel 2, channel 9, channel 11, channel 14, channel 3, channel 6, and channel 8. The average accuracy results from each wave are shown in Fig. 10 . From the analysis results that have been shown in Fig. 10 , the gamma wave shows as the highest average accuracy results in all participants.
The second assessment results using the significant channels taken from the analysis results of the proposed methods are shown in Table IV with P as the participants and Avg as the average of all Parts in each participant.
Based on Table IV , the participants with high accuracy results (marked by gray color) are the ones with the average accuracy ≥ 60%. The third assessment processes compare the accuracy results from the predictions of 30 participants using the significant channels and waves acquired from the proposed methods with the selected channels and all the waves taken from the previous research.
The comparisons of the average accuracy results from all participants are shown in Figs. 11 where all the waves use Theta, Alpha, Beta, and Gamma.
Based on the mean accuracy results in Figs. 11, the highest accuracy of each part is using beta and gamma waves. The detail of the highest accuracy results in each part is shown in Table V .
The fourth assessment processes as in the Figs. 12 are comparing the average accuracy results in each part using the significant channels and the selected waves from the analysis results of the previous research from the selected participants. Based on the comparisons in the Figs. 12, the average accuracy results in Part 6 with all kinds of the selected waves give better accuracy results than the previous research. In Fig. 12(d) , the average accuracy results of Part 5 is better than the accuracy result of the previous research. Figs. 12. The comparisons of the average accuracy results in each part using the significant channels, the selected waves, and the selected participants with the previous research using: (a) all waves; (b) beta and gamma waves; (c) alpha, beta, and gamma waves; and (d) gamma wave
IV. Discussions
The significant channels based on the accuracy changes on Table III in descending are channel 2 , 9, 11, 14, 3, 6, 8, 4, 12, 7, 10, 13, 1, and 5 . The seven highest significant channels are discovered in the prefrontal and occipital cortices. The Prefrontal Cortex is a front part of the human brain used for information processing, decision making, and cognitive control [15] - [16] , these brain functions affect the driving behavior of the humans.
The Occipital Cortex is a rear part of the human brain used for visual processing: object recognition, color recognition, motion perception, depth perception, and spatial pattern [17] - [19] , these brain functions affect the recognition in the driving environments of the humans.
Based on the two parts of the brain functions with the significant channels from the proposed methods, the channels are declared as suitable for the fatigue driver detection. The significant channel positions and the brain function locations are shown in the Fig. 13 and Fig. 14 .
The high accuracy results using the proposed methods are as follows: participant 1, participant 2, participant 4, participant 7, participant 9, participant 10, participant 11, participant 14, participant 16, participant 17, participant 18, participant 19, participant 21, participant 22, participant 23, participant 24, participant 26, participant 27, participant 28, and participant 30.
The reason is the condition of the participants: the participants with high accuracy results were calm or following their experiment of driving simulations conditions. Hence, the other participants with lower accuracy results were not calm or ignoring some of the driving simulation conditions. The comparison results in the Figs. 11 and Figs. 12 show that the proposed methods give better accuracy results using the beta and gamma waves (based on part 6). However, using all the waves for the participants who follow the driving simulation rules give the best accuracy results. Based on the results and the previous research from the Figs. 11 and Figs. 12, the fatigue driver detection for the selected participants using all the waves is the best option for the behavior of the selected participants.
V. Conclusion
The proposed methods can do the prediction of driving simulation using EEG data with Emotiv EPOC+ in real time with the following details: a. The significant channels are discovered in the prefrontal and occipital cortices. b. Using all the waves is the best option for detecting the fatigue driver to the driver who drives calmly. c. The proposed methods give high accuracy results on the participants who follow the driving rules in the driving simulation. The future research will carry out fatigue detection based on real-time measurement of actual drivers.
